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Challenges in Survey Research
Stefan Wagner, Daniel Mendez, Michael Felderer, Daniel Graziotin and Marcos
Kalinowski
AbstractWhile being an important and often used research method, survey research
has been less often discussed on a methodological level in empirical software engi-
neering than other types of research. This chapter compiles a set of important and
challenging issues in survey research based on experiences with several large-scale
international surveys. The chapter covers theory building, sampling, invitation and
follow-up, statistical as well as qualitative analysis of survey data and the usage of
psychometrics in software engineering surveys.
1 Introduction
Empirical software engineering started with a strong focus on controlled experi-
ments. It widened only later to case studies and similar research methods. Both
methodologies have been discussed extensively for software engineering [64, 54].
While survey research has been used to capture a broader sample for mostly cross-
sectional studies, the methodological issues have rarely been discussed.
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2 Stefan Wagner et al.
The aim of this chapter is to complement existingmore general literature on survey
research and questionnaire design as well as the existing software-engineering-
specific literature. Therefore, this is not a tutorial to survey research, but it provides
a compact description of important issues and lessons learnt that any empirical
software engineering research can make use of in their next surveys.
To not only discuss pure methodology and theory, we provide concrete examples
of our experiences with the methodologies based on two lines of survey research:
First, the project Naming the Pain in requirements engineering1 (NaPiRE) has the
goal to provide an empirical basis for requirements engineering research by capturing
the state of the practice and current problems and challenges with requirements
engineering.We have alreadymade three rounds of surveys in this project over 7 years
and over 10 countries. In these, we developed a theory as basis for the questionnaire,
several variations on questions for similar concepts and also experimented with
different methodological options [47, 63, 48]. We will discuss these variations and
experiences in the following.
We complement the NaPiRE experiences with a study that aimed to assess the
happiness of software developers and targeted GitHub developers with a pyschome-
trically validated test [23, 25, 24]. This example, described in Section 7.3 is different
in the target population and how the questionnaire was created. Hence, it gives us
even more possibilities to discuss.
The chapter is organised so that we discuss different areas that we consider
interesting and challenging. We start with a discussion on how survey research can
be integrated with theory building, then explain what we need to consider when using
psychometric tests in our questionnaires and why we need to consider psychometric
properties. We then discuss the limited possibilities in evaluating the sample of a
survey study including a short discussion of ethics. We continue with the closely
related issue of how and whom to invite to a survey and how to manage follow-ups.
The last two sections discuss issues in quantitative statistical and qualitative analysis
of the data from a survey.
2 Survey Research and Theory Building
The ultimate goal of empirical software engineering is, in oneway or another, to build
and evaluate scientific theories by applying empirical research methods [14]. Survey
research is one such means to contribute to theory development [44] as the main
objective for conducting a survey is either of the following [64, 52]: explorative,
descriptive or exploratory. Explorative surveys are used as a pre-study to a more
thorough investigation to assure that important issues like constructs in a theory
like requirements elicitation techniques are not foreseen. Descriptive surveys can be
conducted to enable assertions about some population like the distribution of certain
attributes (e.g., usage of requirements elicitation techniques). The concern is not
1 http://napire.org
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why the observed distribution exists, but instead what that distribution is. Finally,
explanatory surveys aim at making explanatory claims about the population (e.g.,
why specific requirements elicitation techniques are used in specific contexts).
A theory provides explanations and understanding in terms of basic constructs and
underlying mechanisms, which constitute an important counterpart to knowledge of
passing trends and their manifestation [29]. The main aim of a theory is to describe,
explain or even predict phenomena, depending on the purpose of the theory [27].
A theory can be defined as a statement of relationship between units observed or
approximated in the empirical world [44], i.e. we capture a pattern in real world
phenomena. Theories may have further quality criteria, such as the level of support
or practical and/or a scientific utility [59].
From the practical perspective, theories should be useful and explain or predict
phenomena that occur in software engineering. From a scientific perspective, the-
ories should guide and support further research in software engineering. The main
building blocks of a theory according to Sjøberg et al. [56] are constructs, rela-
tionships, explanations, and a scope. Constructs describe what the basic elements
are, propositions how the constructs interact with each other, explanations why the
propositions are as specified, and the scope elaborates what the universe of discourse
is in which the theory is applicable.
The five steps of theory building [56] are
1. defining the constructs,
2. defining the propositions,
3. providing explanations to justify the theory,
4. determining the scope, and
5. testing the theory (or, more precisely, to test its consequences via hypotheses, i.e.
testable propositions) through empirical research
For the last steps, mainly controlled experimentation are typically considered. In
general, the relationship of theory building and experiments has been well investi-
gated in software engineering [29], whereas the relationship to survey research has
not. Theory building and evaluation can guide the design and analysis of surveys, and
surveys can also be applied to test theories. In the following, we discuss the interplay
between theory building and survey research based on examples taken fromNaPiRE.
In the early stages of studying a phenomenon, concepts of interest need to be ex-
plored and described in a conceptual framework or theory defining basic constructs
and relationships, which also corresponds to the initial steps of theory building,
i.e. definition of constructs and propositions. In later phases, a phenomenon can be
explained and finally predictions based on cause-effect relationships can be drawn.
Survey research can support all these phases of theory building. Both activities,
survey research and theory-building, are strongly interrelated. The concrete relation-
ship between survey research and theory-building depends on whether the theory is
descriptive, explanatory, or predictive.
Initial theories, that is to say theories for which the level of evidence is yet weak,
can be drawn from observations and available literature. An initial theory can be a
taxonomyof constructs [62] or a set of statements relating constructs. Inayat et al. [31]
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provide, for instance, an initial taxonomy on practices adopted in agile RE according
to published empirical studies. Also common terminology as, for instance, provided
by the Software Engineering Body of Knowledge (SWEBoK) [6], which covers
a taxonomy of requirements elicitation techniques, can be considered as an initial
descriptive theory. For NaPiRE, we followed a similar strategywhere we elaborated a
set of constructs and propositions based on available literature and expert knowledge,
thus, unifying isolated studies to a more holistic but initial (descriptive) theory on
contemporary practices in RE [47]. One such example was how practitioners tend
to elicit requirements. Exemplary statements for the requirements elicitation were
Requirements are elicited via workshops or Requirements are elicited via change
requests. These two statements relate the concept requirements elicitation to the
concepts workshops and change requests, respectively. The survey is designed to
test the theory and find next statements to extend the theory. The statements on
requirements elicitation resulted in the closed multiple-choice survey question "If
you elicit requirements in your regular projects, how do you elicit them?" with
the additional option "Other". The responses were that 80% use workshops and
discussions with the stakeholders, 58% use change requests, 44% use prototyping,
48% refer to agile approaches at the customer’s site, and 7% use other approaches.
The two statements from the theory about requirements elicitation via workshops
and change requests, respectively, were supported by respective null hypothesis tests
(see Sec. 5.2).
Subsequent survey runs were then designed to test that initial theory and make
further observations to further extend, refine and improve the initial theory to an
explanatory theory.
In principle, the more advanced theories are, the better explanations for the
propositions they provide. The core issue of this is to provide explicit assumptions
and logical justifications for the constructs and propositions of the theory. Table 1
shows propositions and explanations for requirements elicitation as formulated in the
theory presented in [63]. The presentation follows the tabular schema for presenting
explanatory theories as suggested by Sjøberg et al. [56].
The first run, however, showed that other elicitation techniques are also widely
in use. This resulted in the propositions stated in Table 1. P 1, P 2, P 3, and P 5 are
new. P 4 was already supported in the first run and included in the initial theory. The
used terminology in the propositions was also aligned with elicitation techniques as
described in the SWEBoK. The answer possibilities in the questionnaire correspond
directly to the propositions and resulted in the closedmultiple-choice survey question
"If you elicit requirements in your regular projects, how do you elicit them?" with the
choices "Interviews", "Scenarios", "Prototyping", "Facilitated meetings (including
workshops)", "Observation", and "Other". The answers of the respondents together
with an error bar that represents the 95% confidence interval (CI) is shown in Fig. 1.
The confidence intervals of all response types, even from the least frequently used
elicitation technique Observations with P = 0.29 [0.23, 0.35] is still larger than the
threshold of 0.2. We therefore have support for all corresponding propositions P 1 to
P 5. Additional answers for “others” included “Created personas and presented them
to our stakeholders”, “Questionnaires”/“Surveys” , “Analysis of existing system”
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Table 1 Propositions about elicitation with explanations after the survey [63]
No. Propositions
P 1 Requirements are elicited via interviews.
P 2 Requirements are elicited via scenarios.
P 3 Requirements are elicited via prototyping.
P 4 Requirements are elicited via facilitated meetings (including work-
shops).
P 5 Requirements are elicited via observation.
No. Explanations Propositions
E 1 Interviews, scenarios, prototyping, facilitated meetings and obser-
vations allow the requirements engineers to include many different
viewpoints including those from non-technical stakeholders
P1–P5
E 2 Prototypes and scenarios promote a shared understanding of the re-
quirements among stakeholders
P2, P3
and “It depends on the client.” Especially some kind of surveys/questionnaires are
mentioned several times. This could be a candidate for an additional proposition for
the refined theory of the next iteration.
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Fig. 1 Proportions with confidence intervals for the question “How do you elicit requirements?”
[63]
The explanations E 1 and E 2 are for the five propositions P 1 to P 5. The difference
between a proposition and an explanation is that the former is a relationship among
constructs, and the latter is a relationship among constructs and other categories,
which are not central enough to become constructs [56]. For explanations of the
propositions, we do not have any additional insights from the open answers, which
would be of value.However, explanations can be backed up by literature. For instance,
Sommerville et al. [57] state that it is important to include different viewpoints during
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requirements elicitation, which supports E 1. Mannio and Nikula [45] developed an
iterative requirements elicitationmethod combining prototypes and scenarios, which
supports E 2.
Predictive theories are geared towards predicting what will happen. The key
underlying principle is finding cause-effect relationships among variables. This is
typically performed via quantitative statisticalmodels like correlation and regression.
Correlation quantifies the degree towhich variables are related. Regression quantifies
the relationship between independent and dependent variables. In any case, causal
quantitative relationships should always be backed up by theory-based expectations
on how and why variables should be related. Gregor [27] even considers integrated
explanatory and predictive theories as a separate type of theory. Therefore, qualitative
methods also play an important role even in predictive theories.
Based on the survey results of the second NaPiRE run, we developed cause-effect
relationships with different degrees of quantification to support predictive theories.
In [48], we developed initial cause-effect relationships between top ten causes, top
ten RE problems as well as the project impact, i.e., whether projects failed or were
completed. The resulting relationships are shown via an Alluvial diagram in Fig. 2.
This diagram enables initial predictions of the project impact based on available
causes like lack of time or missing direct communication to customer and problems
like incomplete and/or hidden requirements.
Communication flaws between project team and the customer
Customer does not know what he wants
Lack of a well-defined RE process
Lack of experience of RE team members
Lack of time
Missing direct communication to customer
Requirements remain too abstract
Too high team distribution
Unclear roles and responsonsibilities at customer side
Weak qualification of RE team members
Communication flaws between project team and the customer
Communication flaws within the project team
Incomplete and / or hidden requirements
Inconsistent requirements
Insufficient support by customer
Moving targets (changing goals, business processes and / or requirements)
Stakeholders with difficulties in separating requirements from previously known solution designs
Time boxing / Not enough time in general
Underspecified requirements that are too abstract and allow for various interpretations
Weak access to customer needs and / or (internal) business information
Project Completed
Project Failed
Fig. 2 Cause-effect relationship between top ten causes, top ten RE problems and effects in terms
of project impact [48]
The predictive model was created based on the survey in the following way. After
selecting the five most critical RE problems in the survey, we asked our respondents
to provide what they believe to be the main causes and effects for each of the
problems. They provided the causes and effects in an open question format, with
one open question for the cause and another for the effect for each the previously
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selected RE problems. For analysing the answers given to the open questions on
what causes and effects the RE problems have, we applied qualitative data analysis
techniques as recommended in context of Grounded Theory (see Section 6). For
each answer given by a participant, we applied open and axial coding until reaching
a saturation in the codes and relationships, and we allocate the codes to previously
defined subcategories, i.e., Customer, Design/Implementation, Product, Project, and
Verification/Validation for the effect. The procedure finally delivers triples of causes,
problems, and effects that are visualised in the Alluvial diagram shown in Fig. 2.
Dynamically implementedAlluvial diagrams, which support highlighting and hiding
elements, provide additional support for predictive analysis.
In [46], we implemented the available cause-effect relationships in dependency
of to context factors such as company size or software process model used as
Bayesian networks (see Section 5.4 for Bayesian analysis). We did so based on
similar work done also for defect causal analyses [33]. Our implementation allowed
us to quantify the conditional probabilistic distributions of all phenomena involved.
More precisely, it allows us to, based on the NaPiRE data used as learning set,
use the Bayesian network inference to obtain the posterior probabilities of certain
phenomena to occur when specific causes are known. This supports evidence-based
risk management in requirements engineering.
So in the Bayesian approach, we performed a cross-sectional analysis of the
NaPiRE data from one run (i.e., the second run), by blocking the data based on
specific information from the survey like company size or the software development
process used. Blocking can also help to refine the scope of a theory. In future, if
NaPiRE will have been replicated several times, even a longitudinal analysis will be
possible to develop predictive theories by analysing time series.
Take Aways
• Survey research and theory-building are strongly interrelated. The exact relation-
ship depends on whether the theory is descriptive, explanatory, or predictive.
• Survey data supports the definition or refinement of constructs, relationships,
explanations, and the scope of a theory as well as testing of a theory.
• Theories are of high value to guide the design of surveys.
3 Issues in Sampling
At the beginning of any design of survey research, we should clarify what the target
population is that we try to characterise and generalise to. Statistical analysis (see
Sec. 5), which we apply to survey data, relies on systematic sampling from this
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target population. In software engineering surveys, the unit of analysis that defines
the granularity of the target population are often [15]
• an organisation,
• a software team or project, or
• an individual.
For common research questions, we are typically interested in producing results
related to all organisations that develop software in the world or all software devel-
opers in the world. Sometimes, this is reduced to certain regions of the world such
as all requirements engineers in Europe or Brazil. The reason for this large aim in
the target population is that we want to find theories that have a scope as wide as
possible.
This brings us, however, to the problem that in most cases, we have no solid
understanding about the target population. How many software developers are there
in the world?Which companies are developing software?What are the demographics
of software engineers in the world? This is a hard question that nobody has a
certain answer to. Yet, without answering this question precisely, we face enormous
difficulties to discuss representativeness of a sample, the needed size of the sample
and, therefore, to what degree we can generalise our results. We will first introduce
a way for investigating representativeness; second, discuss the issue of sample size
estimation for contexts where we can estimate the size of the target population;
before, third, providing a note on the ethics in sampling.
3.1 Representativeness
For other types of survey research, scientists often rely on demographic informa-
tion published by governmental or other public bodies such as statistical offices of
countries, the EU or the United Nations. These bodies are, so far, rather unhelpful
for our task, because they do not provide a good idea about software-developing
companies. These bodies scatter software engineering over various categories. For
example, the EU’s Statistical classification of economic activities in the European
Community (NACE REv. 2) has different categories for software publishing, de-
veloping software for games or application hosting. More difficult, however, is that
software development occurs in many other companies as well. For example, data
from the German statistical office2 on the usage of information and communication
technologies shows that in 2018, 13 % of all German companies stated that they
develop business information systems internally. For web-based software solutions,
even 17 % stated that they build them internally. Put together, this means that we do
not have a good estimate for the number and properties of organisations that develop
some kind of software.
There are possibilities to approach the demographics of software engineers in the
world. There are commercial providers of data from large surveys such as Evans Data
2 Table 52911-0001 in https://www-genesis.destatis.de
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Corporation.3 Evans Data Corporation estimated for 2018 the number of developers
worldwide to be 23 million. They include information on different roles, genders,
used development processes and technologies. An open alternative is the Stack
OverflowAnnualDeveloper Survey.4 They have the bias that only people registered at
Stack Overflow can be sampled. Yet, this could be tolerated in light of the popularity
of the platform among software developers. They provide demographic information,
for example, on whether developers are professionals, their roles, experiences and
education.
With this demographic information, we can design our survey in away that we col-
lect comparable data as is available in the distributions for the total population. Then,
we can compare the distributions in our survey and the larger surveys to estimate
representativeness. This comparison should primarily be part of the interpretation
and discussion of the results. This comparison prevents us from overclaiming but at
the same time gives more credibility in case we cover the population well.
3.2 Sample Size Estimation
Having the estimate of the total number of developers world-wide, we can now ask,
what would be a good size for our sample? In other contexts, we might even have
better information on the population size, for example, when we want to survey
GitHub developers. This is an information we can extract from GitHub itself.
There is a large body of existing work that discusses sampling techniques and
suitable sample sizes. A simple way, for example, is to follow Yamane [65]. He
proposed to use this equation to calculate a suitable sample size n:
n =
N
1 + Ne2
(1)
In the equation, N is the population size and e is the level of precision. This level
of precision is often set to 0.05 or 0.01. For the estimate of 23 million developers
worldwide, how large would our sample need to be?
n =
23, 000, 000
1 + 23, 000, 000 · 0.052 = 400 (2)
So, for most intents and purposes, with a sample size of more than 400, we could
claim a strong generalisability given that we also checked the representativeness as
described above. Of course, most survey will fall short of this. Yet, a clear discussion
comparing the sample size and representativeness with these figures makes it easy
to evaluate the strength and weaknesses of a particular survey study.
For the happiness study we describe in Section 7.3, we assessed how happy
are software developers that have GitHub accounts. We needed to contact these
3 https://evansdata.com/
4 https://insights.stackoverflow.com/survey/
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developers; therefore, we queried the GitHub Archive for public events providing e-
mail addresses. We obtained almost 456, 283 unique e-mail addresses. We needed to
find a way to sample these addresses properly. First, we conducted three pilot studies
with N = 100 randomly sampled e-mail addresses. From the studies we could
estimate that roughly 98% of the e-mails were delivered, and that the response rate
was rather low, between 2% and 4%. After deducting the 300 entries from the three
pilot samples, our new population size was 455, 983. With Yamane’s formula, with
e = 0.05, we found out that we required N = 400 complete responses. On the other
hand, the formula by Cochran [11], which uses a desired value α for significance,
suggested us to aim for N = 664 responses with a significance level of α = 0.01.
We opted for the more conservative value of N = 664 for our desired sample. That
meant that we needed to send out 33, 200 e-mails assuming a 2% response rate.5.
3.3 Ethics
Sampling in survey research today almost alwaysmeans soliciting answers via e-mail
or social media. In a recent paper, Baltes and Diehl [3] discuss that the common
practice of sending unsolicited e-mails to GitHub developers could be ethically prob-
lematic. In software engineering, there is yet no established standard or guidelines
on how to conduct surveys ethically. They report that in their own surveys, the re-
ceived feedback from developers on GitHub being “spammed” with research-related
e-mails. They conclude that researchers in software engineering should discuss this
issue further and create their own guidelines.
For happiness study of Section 7.3, as described in the previous subsection, we
had to contact more than 30, 000 software developers via e-mail. Even though the
developers provided a publicly listed e-mail address, we were aware that our e-
mails were unsolicited and might have disturbed their daily activities. There were no
available guidelines for the situation or even portals to gather volunteers for software
engineering research. All we could do was to design a short and cordial invitation
e-mail that, besides acting as informed consent form including ethical and privacy
considerations, was of opt-in nature. We believe that the consideration worked to
a certain extent, but we also add to Baltes and Diehl [3] experience of receiving
feedback from potential participants who were annoyed by this. While the number
of complaints was not excessive, a very annoyed participant asked GitHub to check
on us. After inquiring with us on the nature of the study and after inspecting our
invitation e-mail, GitHub concluded that our study did not break any of their terms
of services and kindly asked us to be advised before starting research activities,
in the future, as they might want to check on the research design, invitation, and
compliance with their terms. This last information might help future research in our
field.
5 More information on the sampling methodology can be found in our paper [24].
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The Insight Association provides ethical guidelines that consider unethical sam-
pling, among other practices: “Collection of respondent emails from Web sites,
portals, Usenet or other bulletin board postings without specifically notifying indi-
viduals that they are being "recruited" for research purposes.”6 Hence, using GitHub
or Stack Overflow information of users would not be an ethical way to contact
potential survey participants.
There is no easy way out of this. We agree with Baltes and Diehl that we will
probably need flexible rules and guidelines to keep developers in social media from
being spammed by study requests while still allowing research to take place. In any
case, we should all consider thoughtfully how and whom we contact for a survey
study.
Take Aways
• There is no suitable official data on the number and properties of software-
developing companies in the world.
• For individual software engineers, existing demographic studies can be used to
assess a survey’s representativeness.
• For the estimate of 23 million developers worldwide, a good sample size would
be 400 respondents.
• Ethics needs to be considered before contacting potential survey participants.
4 Invitation and Follow-Up
Depending on the target population, there are essentially two strategies to approach
this population having both very distinct implications on the survey design and the
recruitment approaches:
1. Closed invitations follows the strategy of approaching known groups or individ-
uals to participate in a survey per invitation-only and restrict the survey access
only to those being invited.
2. Open invitations follows the strategy of approaching a broader, often anony-
mous audience via open survey access; i.e. anyone with a link to the survey can
participate.
The first strategy allows to accurately choose the respondents based on predefined
characteristics and the suitability to provide the required information, and it also
allows to accurately calculate the response rate and control the participation along
the data collection, e.g. by targeting thosewho didn’t respond yet via specific requests.
6 https://www.insightsassociation.org/issues-policies/best-practice/
imro-guidelines-best-practices-online-sample-and-panel-management
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This increase of control by inviting subjects individually typically comes at the cost
of a lower number of total responses.
The second strategy allows to spread the invitation broader, e.g. via public forums,
mailing lists, social media, or at venues of conferences and workshops. This strategy
is often preferred as it doesn’t require to carefully select lists of subject candidates and
to approach them individually, but it also comes at the cost of control in who provides
the responses, thus, causing further threats that need to be carefully addressed in
the survey design already. In that strategy, we need to define proper demographic
questions that allow us to analyse the extent to which the respondents are eventually
suitable to provide the required information (see also Sec. 3).
In the NaPiRE project, for example, we started our initial runs with closed in-
vitations. To this end, we drafted a list of subject candidates based on contacts
from industry collaborations. Criteria for their inclusion were their roles and re-
sponsibilities in their respective project settings and their knowledge about not only
requirements engineering, but also about how their processes were continuously
improved. That is to say, we were particularly interested in surveying experienced
requirements engineers which dramatically narrowed down the list of suitable candi-
dates. The surveywas then password-protected and the invitationwere individualised
with a clear explanation of the scope of the survey and the contained questions.When
inviting our candidates, we asked them also to report to us in case they had passed
the invitation to a colleague allowing us to calculate the response rates. We repeated
this strategy during the first two NaPiRE runs, the second one being conducted in 10
countries in parallel and via independent invitation lists administrated individually
by the respective researchers in those countries.
For the follow-up runs, we changed our instrument to focus more on current
practices and problems in requirements engineering at project level taking also into
account a broader spectrum of project roles (e.g., developers and architects). We
further decided to open the survey and added more demographic questions that
allowed us to better understand the respondents’ roles and backgrounds in their
projects. The distribution was then done using software engineering-related mailing
lists, distribution channels of associations, such as the International Requirements
Engineering Board (IREB), social media, such as Twitter, but also, again, personal
contacts. We further published an IEEE Software blog post. The idea was to increase
the visibility of the survey project. At the same time, we were not able to calculate the
response rate and also noticed a significant drop-out rate (i.e. participants entering
the survey out of curiosity and dropping out on the first survey page already). Above
all, it further required an analysis of making sure that the responding population is
the one of the target population and, respectively, to remove those answers from the
data set clearly unrelated to the target population (e.g. respondents with no insights
into the projects’ requirements engineering).
Regardless of the strategy followed, it is often the case that invitees cannot par-
ticipate in the survey the moment they receive an invitation despite being otherwise
willing to participate. In both surveys, we therefore implemented a follow-up in-
vitation roughly two weeks before closing the survey. To this end, we formulated,
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regardless of the strategy, a reminder message thanking all participants and remind-
ing them that there is still the possibility of engaging in case they did not already.
For the happiness study (Section 7.3) we decided to not adopt any follow-up.
Ethical reasons (see the previous section) made us decide for an opt-in mechanism.
We contacted possible participants only once, at invitation time.
Take Aways
• Both strategies to approach the target population (closed and open invitations) can
be applied, but have distinct implications on the survey design and the recruitment
approaches.
• Closed invitations are suitable in situations in which it is possible to precisely
identify and approach a well-defined sample of the target population. They may
also be required in situations were filtering out participants that are not part of
the target population would be difficult, harming the sample representativeness.
• Open invitations allow reaching out for larger samples. However, they typically
require more carefully considering context factors when designing the survey
instruments. These context factors can then be used during the analyses to filter
out participants that are not representative (e.g., applying the blocking principle
to specific context factors).
5 Alternative Approaches for Statistical Analysis
Although surveys can be qualitative (see Sec. 6 for more details on that analysis),
most often a majority of the questionnaires are composed of closed questions that
have quantitative results. Even for yes/no questions, we can count and calculate
proportions of the answers. Therefore, andwith the often large number of participants
in surveys, we usually aim at a statistical analysis of the survey results. So, which
kind of statistical analysis is reasonable for surveys?
Before we go into the different options we have for the statistical analysis, we
want to discuss another important issue that is sometimes neglected: To know what
we can analyse, we need to be clear what we asked for. In a survey, we can either ask
for the opinions of the participants on topics (“Automated tests are more effective
than manual tests.”) or for specific facts that they experienced (“In my last project, I
found more defects in the software using automated tests than manual tests.”) [61].
In the former case, we can only make an analysis of the opinion that, for example,
most people hold. Only in the latter case, we can try to analyse about facts. But even
then, we need to discuss in the threats to validity that the participants’ answers might
be biased.
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With that out of the way, we can start with the first option of statistical analysis
that is always reasonable: descriptive statistics. Afterwards, we will discuss three
alternative approaches to do inference statistics which will help us to interpret the
sample results for the whole population. We will cover null hypothesis significance
testing, bootstrapping confidence intervals and Bayesian analysis.
5.1 Descriptive Statistics
The goal of descriptive statistics is to characterise the answers to one or more ques-
tions of our specific sample. We do not yet talk about generalising to the population.
Which descriptive statistic is suitable depends now on what we are interested in
most and the scale of the data. Most often, we come across nominal, ordinal and
interval scales in survey data. Nominal data are names or categories that have no
order and can simply be counted. Ordinal data is what we often have in surveys
where we can order the data but cannot clearly say if each point on the scale has the
same distance to the next point.
An example are the famous Likert items that range from “I fully aggree” to “I
fully disagree”. If we have clearly defined distances, we have interval data. Only for
the latter, we can employ the full range of statistical tests.
For dichotomous variables, where the participants can check an answer option
or not, we can calculate the proportion of the participants that checked a particular
answer option. A proportion can be stated as a number between 0 and 1 or in
percentages. A useful addition to giving the number is a visualisation as bar chart
that allows us to quickly compare many answer options. An example from the
NaPiRE survey is shown in Fig. 3.
requests. We could also support both hypotheses on defining and
tailoring RE standards. The standards are defined based on
demands specific for the company. The project lead tailors the
standard at the beginning of a project based on experiences.
In contrast, our hypotheses about characteristics of company-
specific RE standards were all not statistically significant. Hence,
the overall quality of the existing RE standard seems to be seen
as higher than we expected. Hence, we decide to remove H 43 as
it is related to H 40 and adapt the other hypotheses (H 39–H42)
to the opposite.
We could, however, corroborate the hypotheses H 44 and H 45
about the application of RE standards. Each project can decide
whether to use the company standard. Then, the application of
the RE standard is controlled via analytical quality assurance. Also
the hypothesis about change management (H 46) was statistically
significant: A requirements change management is established
after formally accepting a requirements specification. Hence, we
will keep these hypotheses in the theory.
5.4. Status quo in RE improvement (RQ 3)
Most of the respondents (83%) employ continuous improve-
ment to RE (Q 24). An overview of the results on RE improvement
is shown in Fig. 4. When asked about the motivation about this
continuous improvement, of those, 79% think that this continuous
improvement helps them to determine their strengths and weak-
nesses and to act accordingly. 32% agree that an improvement is
expected by their customers. For only 3% of those with continuous
improvement, it is demanded by a regulation (e.g., CMMI, Cobit or
ITIL) (Q 25).
We then asked about how they conduct their RE improvements.
55% systematically improve RE via an own business unit or role. 5%
improve RE via an external consultant. 29% do not systematically
improve RE, but it remains the responsibility of the project partic-
ipants. Other mentioned means to systematical improvements are
an internal task force, retrospectives and company-wide open
space events (Q 26).
Half of the respondents with a continuous RE improvement
(50%) explicitly state to not use a normative, external standard
for their improvement (Q 27). Several respondents use internal
Fig. 3. Summary of the status quo in RE. The bars show the percentage of the respondents who gave the corresponding answer.
Table 17
Howwould you rate . . .to apply to your RE standard? (Q 19: I disagree: 1 . . .I agree: 5).
Aspect Mode Med. MAD Min. Max.
Classes of requirements &
dependencies
4 3 1 1 5
Non-functional requirements 4 3 2 1 5
Relies on architectural model 4 3 2 1 5
Tracing 4 3 2 1 5
Classes of requirements, but no
dependencies
1 2 1 1 5
630 D. Méndez Fernández, S. Wagner / Information and Software Technology 57 (2015) 616–643
Fig. 3 The proportion of respondents giving a particular answer to the question “If you elicit
requirements in your regular projects, how do you elicit them?” visualised as bar chart [47]
Quite common are also answers in an ordinal scale such as Likert items (“I
fully agree”, “I somewhat agree”. . . ) or frequencies (“Always”, “Often”, “Some-
times”. . . ). There are various descriptive statistics that we can calculate for this data.
For the central tendency, we can safely use the mode, which is simply the most
frequent answer, as well as the median, which is the middle answer when sorting all
answers [19]. To give a better understanding of the spread and dispersion of the data,
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we usually add the minimum and maximum as well as the median absolute deviation
(MAD) or the interquartile range (IQR). In Tab. 2, we see a table from [47] that
used these statistics to describe answers to Likert items about various aspects of
requirements engineering. The answers were coded from 1: I disagree to 5: I agree.
In addition or alternatively, it is also quite easy to show the whole distribution of
ordinal data in a stacked bar chart as shown in Fig. 4. This particular chart was
created using the likert package7 in R.
Table 2 Descriptive statistics for ordinal data coded as 1 to 5 [47]
Statement Mode Med. MAD Min. Max.
The standardisation of requirements engineering improves the
overall process quality
5 4 1 1 5
Offering standardised document templates and tool support ben-
efits the communication
5 4 1 1 5
22%
21%
28%
33%
49%
63%
61%
45%
35%
20%
15%
18%
26%
32%
32%
Higher process complexity
Higher demand for communication
Lower efficiency
Missing willingness for changes
Missing possibilities of standardisation
100 50 0 50 100
Percentage
Response I disagree I somewhat disagree Neutral I somewhat agree I agree
Fig. 4 Stacked bar chart showing all answers to a Likert item about barriers to requirements
engineering standards [63]
It is rather rare that we get data in interval scales or higher. We may get data on
an interval scale when we ask for specific numbers such as the length of the last
project of the participants in months. Those data can be analysed with all available
descriptive statistics such as the mean for central tendency and variance or standard
deviation for dispersion in addition to the ones we already have for ordinal data.
7 https://CRAN.R-project.org/package=likert
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A very useful visualisation for such data is a boxplot, because it visualises the
distribution and allows us to identify outliers.
5.2 Null Hypothesis Significance Testing
Now that we have a good understanding of our sample – and possibly are able to
answer our research questions specifically about the sample –, we want to analyse
whether and what we can say about the population we are actually interested in.
This is the area of inference statistics. To be able to analyse something about the
population, we first need hypotheses to evaluate. In our experience, unless we are
conducting an exploratory study, the survey should be guided by a theory (see Sec. 2).
The theory should provide propositions that can be operationalised into hypotheses
to be tested with the survey data.
The classical way to do that is to use null hypothesis significance testing (NHST).
This is the usual way one is taught in statistics classes and has been used for numerous
experiments and surveys. In surveys, we most often have two types of hypotheses:
• Point estimate hypotheses for answers to single questions
• Hypotheses on correlations between answers to two questions
For an example, we look again at [47]. There, we tested several hypotheses on
the experience of the participants with requirements engineering in their projects.
Let us look at the hypothesis H 76: Communication flaws between project team and
customer are a problem. The question in the questionnaire was “Considering your
personal experiences, how do the following problems in requirements engineering
apply to your projects?”. The corresponding statement was “Communication flaws
between us and the customer” with five answer options from “I disagree” to “I agree”.
As above, we coded these answers as numbers from 1 to 5.
We operationalised the hypothesis so that the median of the data needs to be larger
than 3 (the neutral answer) so that we see the hypothesis as true. The corresponding
null hypothesis is than that the median is smaller or equal to 3. To then test this, we
employed the Wilcoxon signed rank test implemented in R. We used the rank test
as we have ordinal data which breaks the assumptions of, for example, a t-test. The
result of the test is a p-value that we need to compare with our previously specified
significance level (usually 0.05). This then gives us a dichotomous answer whether
we have to reject the null hypotheses and, therefore, have support for our alternative
hypothesis or not. Similarly, there are statistical tests to give us p-values for which
we can consider a correlation to hold true in the population.
In both cases, point estimates and correlation analysis, it is also informative and
important to look at the effect sizes. A NHST only tells us whether the observed data
is unlikely given the null hypothesis not how large the effect is. Especially in survey
research, it is rather easy to achieve large sample sizes. The larger the sample, the
more likely we get significant effects. Then the effect sizes can help us interpret the
results. For correlation analysis, the correlation coefficient is already a useful effect
Challenges in Survey Research 17
size. For point estimates, we need an effect size that fits to the data and the used
statistical test. For theWilcoxon signed rank test above, it is often suggested to divide
the test statistic z by the square root of the sample size N to the the standardised
effect size r:
r =
z√
N
(3)
This can then be interpreted as 0.1 being a small effect up to 0.5 and larger as being
a large effect.
There are various problems with NHST in general such as the dichotomous nature
of its result [43, 2]. Yet, in our survey context, there is even one more: As discussed
in Sec. 3, it is in most cases very difficult to obtain a sample that is representative of
the population, we want to generalise to. In such cases, it is unclear what the result
of a NHST actually means. How can we generalise from non-representative data?
Therefore, we need to look at alternatives.
5.3 Alternative 1: Bootstrapping confidence intervals
An approach that has seen considerable attention as an alternative to null-hypothesis
significance testing is to use confidence intervals. The basic idea is instead of a point
estimate of a p-value and a fixed threshold in the form of a significance level, we
rather estimate a confidence interval around a metric we are interested in. We then
rather interpret what the confidence interval means in terms of, for example, how
large it is or how strongly confidence intervals ofmethods to compare overlap. Hence,
the interpretation is not as easy as comparing the p-value with the significance level
but it allows us to avoid a too simplistic dichotomous result.
To address the problemof the unclear representativeness of the sample because the
population is unknown, we can further support the estimation of confidence intervals
by using a resampling method. In particular, bootstrapping is helpful as it gives
us asymptotically more accurate results than intervals estimated with the standard
assumption of normality [16]. The idea of bootstrapping is that we repeatedly take
samples with replacement and calculate the statistic we are interested in. This is
repeated a large number of times and, thereby, provides us with an understanding of
the distribution of the sample.
In [63], we applied this approach to evaluate our theory without the use of
null-hypothesis significance testing. For that, we ran 1,000 times resampling for
bootstrapping confidence intervals for proportions and means of the answers to the
survey questions. This works particularly well for proportions. It is problematic for
questions that have answers on an ordinal scale. We discussed above that for those,
we should use the median instead of the mean. As, so far, there are no established
methods for bootstrapping confidence intervals for medians, we decided to work
with the confidence intervals of the means but report the medians alongside of them.
In Fig. 1, we see the visualisation of answers to a survey question as bar chart.
Each bar shows the mean proportion of answers with additional black bars showing
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the confidence interval both derived from bootstrapping. We had a proposition for
each of the answer possibilities in our theory. As we wanted to characterise what
techniques are commonly used in practice, we decided that common use should imply
a proportion above 20 %. Hence, only when the confidence interval is above 20 %,
we consider it as support for a positive proposition.
If wewanted a dichotomous decision on the propositions in the example, wewould
see that all confidence intervals are above 20 % and, hence, we have support for all
propositions. Yet, we can also clearly see and discuss that interviews and facilitated
meetings are much more common in practice than scenarios or observation.
An alternative use of bootstrapping is for the estimation of true population means
when the obtained data is not normally distributed. In the happiness study we ob-
tained 1 318 questionnaire responses contributing to the SPANE-B happiness score
(explained in Section 7.3). Our example showed strong evidence of non-normality
in its distribution. Therefore, we used bootstrapping to estimate the population true
mean and its confidence interval (or, how confident we are on how much developers
are happy).
Bootstrapping confidence intervals has, however, also disadvantages. One prob-
lem is that it can easily be interpreted as dichotomous and would bring us back to
null-hypothesis significance testing. Another problem is that it is less clear what
a confidence interval means for hypotheses. When should we see support for the
hypothesis, when should we not? Furthermore, there is no clear way how to integrate
different sets of data, for example, from different survey runs or independent surveys.
Finally, one might argue that a disadvantage is that it is a frequentist statistical
technique that interprets probabilities as relative frequencies. This brings along var-
ious assumptions [34] that have been criticised and could, for example, be overcome
by a Bayesian analysis as discussed in the following.
5.4 Alternative 2: Bayesian analysis
In Bayesian statistics, probability is understood as a representation of the state of
knowledge or belief. It acknowledges the uncertainty in our knowledge by assigning
a probability to a hypothesis instead of an accept/reject decision. Furthermore, it
allows us to easily integrate existing evidence and accumulate knowledge. It does so
by defining a prior distribution. This is the distribution that describes our certainty
of a hypothesis before we collected new data. The Bayes theorem allows us then to
describe the probability of a hypothesis given the prior and new evidence. This is
called the posterior distribution.
A major difficulty with employing Bayesian data analysis instead of classical null
hypothesis significance testing or classical confidence intervals is that there is not
just one Bayesian technique. It is a completely different way of thinking and, thereby,
there is a plethora of techniques that can resemble what we did in the frequentists
methods. The most general way would be, as stated above, to calculate a probability
for a hypothesis. Yet, there are many alternatives: For example, there is the concept
Challenges in Survey Research 19
of the Bayes factor that can be calculated and there are standard interpretations on
how strong the suppport for a hypothesis is. This is close to the way we approach
the evaluation of hypothesis in NHST. Moreover, and that is the method we will
describe in an example in more detail, we can also calculate confidence intervals
using Bayesian methods.
For Bayesian confidence intervals, we only need three inputs: a prior distribution,
data, and the level of confidence we want to have for the confidence intervals. Data
we should have from the survey. The confidence level is commonly set to 0.95 but
could be different if you have specific needs. The problem is usually the prior. This
is one aspect of Bayesian analysis that draws a lot of criticism, because there is no
mechanical way to get to it unless you have prior data. If you have prior data, for
example from a previous survey, you can calculate the prior from that data. In all
other cases, you have to decide on a prior. In case there is no reasonable argument for
something else, the uniform distribution should be used. If another argument from
theoretical considerations can be made, however, it is legitimate and useful to put
in another prior. Given all inputs, there are many ways to calculate the confidence
intervals. One way is, for example, to use the binom.bayes function of the binom R
package.
When we go to the NaPiRE example, we have not yet published a Bayesian data
analysis. Yet, there is data from a third run, where we apply the Bayesian confidence
interval approach at the moment of writing this chapter. Here, it comes in very handy
to be able to combine the data of more than one run. We do have many similarities
between the second and third run. Using Bayesian analysis, we do not throw away
the second run but build on it. We will look at the proposition again that workshops
are commonly used in practice for eliciting requirements.
We use the data from the second run from this question to calculate a posterior
distribution given a uniform prior distribution. Commonly, beta distributions are
used for that. Our R analysis gives us a posterior of beta(154, 76). Now, we can
use this posterior distribution from the second run as prior for the third. Fig. 5
shows graphically how this turned out. From the second run, we had an estimation
used as prior between 60 % and 80 % for the proportion of practitioners using
workshops. The data from the third run gives us an estimate more between 40 % and
60 % (Likelihood). From that, we calculate the posterior that lies in between and is
somewhat narrower with an estimate roughly between 50 % and 60 %.
With the binom.bayes package, we canmake thismore precise.Whenwe calculate
95 % confidence intervals, it gives us a mean of 0.54 with a lower estimate of 0.51
and an upper estimate of 0.58. For interpreting this according to the hypothesis, we
can again use the 20 % threshold and confidently state that we are closer but still far
away from it. We have support for the hypothesis. By using Bayesian analysis, we
strengthened the evaluation of the hypothesis by including the data from two surveys
and probably corrected the estimate to a range not as low as the data from the third
run would suggest.
There are also disadvantages in the Bayesian approach. As for confidence in-
tervals, we do not have a standard way of interpreting the results of the analysis.
Furthermore, the tool support is not as mature as it is for the frequentist methods and,
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Fig. 5 Graphical summary of the distribution of the used statistics in the Bayesian analysis
thereby, sometimes rather confusing. Furthermore, reviewers in scientific venues of-
ten know Bayesian methods less and that brings the risk of misinterpretations on
their side.
Take Aways
• Always make clear whether you aim at analysing opinions or facts.
• Descriptive statistics are always helpful.
• Bootstrapping confidence intervals helps to deal with uncertain sampling.
• Bayesian analysis allows us to directly integrate prior knowledge.
6 Qualitative Analysis
Besides the common focus on statistical analyses, surveys can also be qualitative and
contain open questions. Open questions do not impose restrictions on respondents
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and allow them to more precisely describe the phenomena of interest according
to their perspective and perceptions. However, they can lead to a large amount of
qualitative data to analyse, which is not easy and may require a significant amount
of resources.
The answers to such open questions can help researchers to further understand
a phenomenon eventually including causal relations among theory constructs and
theoretical explanations. Hence, open questions can help generating new theories.
A research method commonly employed to support such qualitative analyses is
Grounded Theory [21, 60, 8]. This method involves inductively generating theory
from data [22]. While specific considerations for conducting and reporting grounded
theory can be found in [58], we hereafter describe the experience and challenges of
conducting the qualitative analysis in the context of the NaPiRE initiative. NaPiRE
involved open questions and a large amount of data from respondents of different
countries around the globe.
The first issue faced in this context was the need to translate the questionnaires into
the respondents’ native languages to assure that they would precisely understand the
meaning of each survey question. The translations were conducted by native speakers
that were part of the NaPiRE team. All translations were validated by piloting the
survey with independent team members that were also native speakers. Moreover,
respondents also answered in their native language. We believe that this decision
allowed avoiding any confounding factor related to difficulties with the language. On
the other hand, it required us a significant team coordination effort to conduct the
analyses appropriately. We had to translate all the answers to English and validate
the translations before starting with the analysis. The strategy that we employed
was exporting all answers into a spreadsheet, creating a separate column for each
answer with an automatic Google translation and then having the team validating
and adjusting all translations as needed.
The main open questions concerned causes and effects of RE problems. We asked
our respondents to provide what they believe to be the main causes and effects for
each of the previously selected RE problems, with one open question for the cause
and another for the effect. We applied the following Grounded Theory steps on this
data:
• 1. Open coding to analyse the data by adding codes (representing key charac-
teristics) to small coherent units in the answers, and categorising the developed
concepts in a hierarchy of categories as an abstraction of a set of codes – all re-
peatedly performed until reaching a state of saturation.We define the (theoretical)
saturation as the point where no new codes (or categories) are identified and the
results are convincing to all participating researchers [5].
• 2. Axial coding to define relationships between the concepts, e.g., “causal condi-
tions” or “consequences”.
• 3. Internal Validation as a form of internal quality assurance of the obtained
results.
Please note that we deviated from the Grounded Theory approach as introduced
by Glaser and Strauss [22] in two ways. First, given that we analysed data from an
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anonymously conducted survey after the fact, we were not able to follow a constant
comparison approach where we iterate between the data collection and the analysis.
This also means that we were not able to validate our results with the participants,
but had to rely on internal validation procedures. Second, we did not inductively
build a theory from bottom up, as we started with a predefined conceptual model
(i.e. the problems) whereby we did not apply selective coding to infer a central
category. In our instrument, we already had a predefined set of RE problem codes
for which we wanted to know how the participants see their causes and effects. For
this reason, we rely on a mix of bottom-up and top-down approach. That is, we
started with our predefined core category, namely RE problems and a set of codes
each representing one key RE problem, and sub-categories regarding the Causes and
Effects, which then group the codes emerging from the free text answers provided
by the participants. We believe that similar decisions could be taken in the context
of other anonymously conducted surveys relying on a predefined conceptual model.
Most importantly, we highlight the importance of precisely describing the approach
that has been followed and the deviations from it.
Within the causes and effects, we again predefined the sub-categories. These
sub-categories were as follows:
• For the causes, we used the sub-categories Input, Method, Organization, People,
Tools suggested in our previous work on defect causal analysis [32] as we wanted
to know from where in the socio-economic context the problems stem.
• For the implications, we use the sub-categories Customer, Design or Implemen-
tation, Product, Project or Organization, and Verification or Validation as done
in our previous work [49] as we wanted to know where in the software project
ecosystem the problems manifest themselves.
For each answer given by the participants, we then applied open coding and axial
coding until reaching a saturation in the codes and relationships, and allocated the
codes to the previously defined sub-categories. For coding our results, we first coded
in a team of two coders the first 250 statements to get a first impression of the resulting
codes, the way of formulating them and the level of abstraction for capturing the
codes. After having this overview,we organised a teamof five coderswithinGermany
and Brazil. Each of the coders then coded approx. 200 statements for causes and
additional 200 statements for effects, while getting the initial codes from the pilot
phase as orientation. In case the coder was not sure how to code given statements, she
marked the code accordingly for the validation phase. During that validation phase,
we formed an additional team of three independent coders who then reviewed those
codes marked as “needs validation” as well as an additional sample, comprising 20%
of the statements assigned to each coder, selected on their own. After the validation
phase, we initiated a call where we discussed last open issues regarding codes which
still needed further validation, before closing the coding phase. The overall coding
process took in total three months. Despite of this huge effort, we emphasise the
importance of validating qualitative analysis procedures to enhance the reliability of
the results.
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As a results we had information on how often a certain cause was mentioned as
mechanism triggering a specific RE Problem. Similarly, on how often a consequence
was mentioned as a result of an RE Problem. This allowed us to analyse the occur-
rence of certain RE Problem cause and effect patterns, which are reported in further
details in [48].
Take Aways
• When preparing your survey, always invest effort in avoiding confounding factors
that may interfere in having respondents focusing mainly on the survey question
when providing their answers (e.g., language issues). A good strategy that helps to
check if this goal is properly achieved involves piloting the survey and discussing
it afterwards with the pilot participants to assure that questions were easily and
correctly understood.
• Applying coding and analysis techniques from Grounded Theory can help to
understand qualitative data gathered through open questions.
• When reporting the qualitative analysis of your survey, explicitly state your re-
search method, providing details on eventual deviations.
• To avoid researcher bias and improve the reliability of the results, qualitative
analyses should be conducted in teams and make use of independent validations.
Also, ideally the raw and analysed data should be open to enable other researchers
to replicate the analysis procedures.
7 Issues when assessing psychological constructs
Often, we are interested in assessing psychological constructs of survey participants.
Psychological constructs are theoretical concepts to model and understand human
behaviour, cognition, affect, and knowledge [4]. Examples include happiness, job
satisfaction, motivation, commitment, personality, intelligence, skills, and perfor-
mance. These constructs can only be assessed indirectly. We cannot take out a ruler
to measure the motivation of people. Yet, we need ways to proxy our measurement
of a construct in robust, valid, and reliable ways.
This is why, whenever we wish to investigate psychological constructs and their
variables, we need to either develop or adopt measurement instruments that are psy-
chometrically validated. Researchers in the behavioural and social sciences refer to
these validated measurements instruments as psychometrically validated psycholog-
ical tests [12]. Scientists have investigated issues of validity, reliability, bias, and
fairness of psychological tests. These aspects are reflected by the word psychomet-
rics, which is both the act of constructing valid and reliable psychological tests as
well as the branch of psychology and statistics devoted to the construction of these
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tests [55]. Psychometrics is an established field, but software engineering has, most
of the times, ignored it so far.
In this last section, we build the case for software engineering research to favour
psychometric validation of tests, we introduce the very basic concepts of validity and
reliability as seen by psychometric theory, which is different to howwe see reliability
and validity in software engineering research, and we finally describe the happiness
study that we often reference as an example in the previous sections.
7.1 Software engineering questionnaires for human participants
should focus on psychometrics
Lenberg et al. [42] have conducted a systematic literature review of behavioural
software engineering studies. They found that software engineering research still
has several knowledge gaps when conducting behavioural studies, and that there
have been very few collaboration between software engineering and social science
researchers. This missed collaboration has likely resulted in the issue that software
engineering research lacks maturity when adopting or developing questionnaires to
assess psychological constructs.
Graziotin et al. [26] have echoed a previous call by Feldt et al. [17] to adopt mea-
surement instruments that come from psychology, but they argued that much research
in software engineering has adopted wrong or non-validated psychological tests, and
when the right test is adopted, most of the times the test items are modified towards
the destruction of the test reliability and validity. Research in software engineering
also fails to report on thorough evaluations of the psychometric properties of the
chosen instruments. An instance of such misconduct was found by Cruz et al. [13] in
their systematic literature review of 40 years of research in personality in software
engineering. Although not directly mentioned by the authors, the results showed that
almost half of personality studies in software engineering use the Myers-Brigg Type
Indicator (MBTI), which has low to none validity and reliability properties [53] up
to being called as “little more than an elaborate Chinese fortune cookie” [30].
As argued byGren [28], there is a need for a culture change in software engineering
research to shift from “seeing tool-constructing as the holy grail of research and
instead value validation studies higher.” We agree with his stance and add that the
culture shift should also be from developing ad-hoc measurement instruments or
tinkering with established ones to properly develop or adopt them. It is our hope,
with this section, to provide motivation and background information to start this
shift.
We will now provide a short overview of psychometric reliability and validity
so that it becomes clearer that researchers in software engineering, when designing
questionnaires that assess psychological constructs, should pay extra care when
selecting tests and also when modifying existing ones. For a deeper understanding
of these issues, we direct the reader to the work of Gren [28], who has offered a
psychological test theory lens for characterising validity and reliability in behavioural
Challenges in Survey Research 25
software engineering research, our seminar works on qualitative and quantitative
methodologies for behavioural software engineering, and the major textbooks and
standards on this topic (e.g., [1, 12, 55, 41, 10]).
7.2 Reliability and validity in psychometrics
Reliability can be seen either as the consistency of a questionnaire scores in repeated
instances of it (also known as reliability/precision; for example, does a questionnaire
that reveals I am extrovert tell the same if I take the same questionnaire one week
from now?) or as a coefficient between scores on two equivalent forms of the same
test (also known as reliability/coefficients; for example, do two different tests on
personality reveal that I am extrovert to the same or very similar degree?) [1]. The
reliability/coefficients can be further divided into three categories, namely alternate-
form (derived by administering alternative forms of test), test-retest (derived by
administering the same test on different times), and internal-consistency (derived by
computing the relationship between scores derived from individual test items during
a single session).
Both forms of reliability are interesting and should be kept high when develop-
ing and validating a measurement instrument. The Standards for Educational and
Psychological Testing [1] report that several factors influence the reliability of a
measurement instrument, especially adding or removing items, changing test items,
causing variations in the constructs to be measured (for example, using a test for
mood to assess motivation of software developers), and administering a test to a
different population than the one originally planned.
Validity in psychometrics is seen a little bit differently to what we usually mean
with validity in software engineering research (see, for example, the work of Wohlin
et al. [64]). Validity in psychometrics is “the degree to which evidence and theory
support the interpretation of test scores for proposed uses of tests.” [1]. What that
means is that we need to ensure that anymeaningwe provide to the values obtained by
ameasurement instrument needs to be validated. Rust [55] has summarised six facets
of validity in the context of psychometric tests, which we now summarise. Gren [28]
has offered an alternative lens on validity and reliability of software engineering
studies, also based on psychology, that we advise to read.
Face validity concerns how the items of a measurement instrument are accepted
by respondents. This is mostly about wording and meaning of the test questions and
how they are perceived by participants. If you promise a questionnaire on software
reliability but then deliver one about software testing, participants will likely feel
confused or offended. Face validity is usually assessed qualitatively.
Content validity (also known as criterion validity or domain-referenced validity)
reflects how a test fits the purposes for which it was developed. If you develop a test
on job satisfaction of software developers and assessed their mood instead, you have
issues of content validity. Content validity is also evaluated qualitatively, because
the form of deviation matters more than the degree of deviation.
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Predictive validity is assessedwith the correlation between the score of ameasure-
ment instrument and a score of the degree of success in the real world. For example, a
high number of years in experience in software testing is expected to have a positive
correlation with ability in writing unit tests. If the correlation between these two
items is higher than 0.5, the criterion for predictive validity is met and the item for
years of software testing experience is retained in the test.
Concurrent validity is defined as the correlation of a newmeasurement instrument
and already existing measurement instruments for the same construct. If we develop
a test for assessing how developers feel motivated when at their job, we should
compare the results of our test with established tests for motivation on the job. Con-
current validity assessment is very common in psychometric studies; its importance,
however, is relatively secondary as the old, established measurement instruments
might have low overall validity. Assessing it is, on the other hand, important for
detecting issues of low validity.
Construct validity is a major validity criterion. Constructs are not directly mea-
surable; therefore, one way to assess how valid a measurement instrument is is to
observe the relationship between the test and the phenomena that the test attempts to
represent. For example, a questionnaire to assess high motivation and commitment
of software developers should correlate with instances of observable high motiva-
tion and commitment of developers. It is quite difficult to assess construct validity
in psychometrics, and its nature is that it is cumulative over the number of available
studies.
Differential validity assesses how scores of a test correlate with measures they
should be related to, and how scores of a test do not correlate with measures they
should not be related to. Campbell & Fiske [7] have differentiated between two
aspects of differential validity, called convergent and discriminant (also called di-
vergent) validity. Convergent validity is about correlations between constructs that
are supposed to exist. A test assessing logical reasoning is supposed to correlate
positively with a test assessing algorithm development. Discriminant ability is on
the opposite side. A test assessing reading comprehension abilities is not supposed to
strongly correlate positively with a test on algorithm development, because the two
constructs are not the same. Differential validity is overall empirically demonstrated
by a discrepancy between convergent validity and discriminant validity.
We have so far reported how measurement instruments implemented with ques-
tionnaires, when they are about human behaviour, cognition, affect, and knowledge
face several issues of reliability and validity. Researchers in the social and behavioural
sciences and statistics have spent considerable effort on developing strong method-
ologies and theory for implementing valid and reliable tests. Software engineering
needs a cultural shift to observe and respects these issues, both when adopting and
when implementing a measurement instrument. As a running example, we will now
briefly summarise an experience report on adopting a psychometrically validated
measurement instrument.
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7.3 An experience report on adopting a psychometrically validated
instrument
For a project on the happiness of software developers [23, 25, 24] one of our goals
was to estimate the distribution of happiness among software developers or, in other
words, find out how happy developers are. We had a further requirement: the related
questionnaire had to be as short as possible.
The first step in finding a psychometrically validated instrument to assess hap-
piness was to find out what happiness is. We discovered two main definitions of
happiness in the literature, one of which sees happiness as a sequence of experien-
tial episodes. If we face frequent positive experiences, we are led to experiencing
positive emotions and moods and appraise our existence to be a happy one. The
reverse happens with negative experiences, which lead to negative affect and unhap-
piness. Happiness overall is the difference, or balance, between positive and negative
experiences.
Once agreed on a definition, we searched for happiness and related words in
academic search engines. Reading more papers led to finding new keywords and
enriching our sample of candidates, which was not small at all. We then inspected
all possible candidates to retain those that were short to be completed. The sample
of candidates was further reduced.
We then searched all candidate names in academic search engines to look for
validation studied (particular keywords here are validation, reliability, and psycho-
metric properties). Somemeasurement instruments did not have any validation study
beyond the one which introduced the instrument itself.
We eventually decided to adopt the Scale of Positive and Negative Experience
(SPANE), which we explain in [24], as it is a short scale, 12 Likert items in total, on
how frequently participants experience affect in the last four weeks. The introductory
paper explained very carefully why and how the scale was implemented, as well as
the choice of limiting the recall of experiences in the last four weeks (in short,
accuracy of human memory recalling and ambiguity of people’s understanding of
the items themselves).
We found out that SPANE has been validated to provide high validity and reli-
ability coefficients in (at the time) nine very large-scale psychometric studies with
samples coming from different nations and cultures. Furthermore, the scale con-
verges to other similar measurements (concurrent validity). Finally, the scale was
found to be consistent across full-time workers and students. These aspects were im-
portant because the target population was sampled on GitHub, which hosts projects
of developers from all around the world (indeed, we had responses from 88 dif-
ferent countries) and having different backgrounds and job experiences (75% were
professionals ranging from freelancing to large industries, and 15% were students).
There was enough evidence for us to be confident in including SPANE in our
studies. As we respect the hard work of those who developed and validated the scale,
we included the scale verbatim in our studies. We introduced the scale using the
recommended instructions, we presented the items in the same order, and we used
the same Likert items as recommended.
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There are several advantages of adopting a psychometrically validated scale. One
of them is that we can be confident about the reliability and validity of the way we
interpret the scores. In our research endeavour, we found out that software engineers
have a SPANE-B (the overall SPANE score, or “the happiness score”) centred around
the values of 9-10 over a range of -24 and +24. The interpretation of this scoring is
that developers are, on average, a slightly happy population. Moreover, relying on
validated scales also means that often we can compare our scores with norm scores,
which are standardised scores of several groups or populations. As many other
research projects have used SPANE, we can add to our interpretation that software
developers even are (just a little bit) happier than other groups of people.
A big disadvantage in adopting psychometrically validated scales lies in the
complete lack of flexibility of the items, as it follows an “all or nothing” approach.
We either include a validated scale or we do not, as changing any aspect of the
items will likely invalidate the scale. SPANE has got 12 items related to emotional
and affective experiences, 6 of which are positive and 6 negative. We can provide a
granularity of analysis of these 12 items but nothing more than that.
Take Aways
• Representing and assessing constructs on human behaviour, cognition, affect,
and knowledge is a difficult problem that requires psychometrically validated
measurement instruments.
• Software engineering research should either adopt or develop psychometrically
validated questionnaires.
• Adoption or development of psychometrically validated questionnaires should
consider psychometric reliability and validity issues, which are diverse and very
different from the usual and common validity issues we see in “Threats to Valid-
ity”sections.
• Software engineering research should introduce studies on the development and
validation of questionnaires.
8 Recommended Further Reading
We recommend the following further reading to complement this chapter:
• Fowler [18] provides a solid general discussion on survey research in general
including sampling, questions and instruments and ethics.
• Kitchenham and Pfleeger [36] provided an earlier book chapter that focuses on
collecting opinions by surveys but provided also more general issues relevant for
survey research in software engineering. They provided more details in an older
series of publications [51, 37, 38, 39, 40].
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• Cielkowski et al. [9] provide a more comprehensive process for planning and
analysing a survey in software engineering.
• Ghazi [20] conducted a systematic literature review and interviews to identify
common problems in software engineering surveys and also provide mitigation
strategies.
• For more details and methodological support on sampling, de Mello, da Silva and
Travassos [15] are a good source.
• General guidelines for designing an effective survey are available from the
SEI [35].
• Molléri [50] found 39 papers with methodological aspects of surveys in software
engineering that can be used as a starting point for issues not discussed (in enough
depth) in this chapter.
9 Conclusion
Survey research is becomingmore andmore an elementary tool in empirical software
engineering as it allows to capture cross-sectional snapshots of current states of
practice, i.e. they allow to describe and explain contemporary phenomena in practice
(e.g. opinions, beliefs, or experiences). Survey research is indeed a powerful method
and its wide adoption in the software engineering community is also steered, we
believe, by the prejudice of that it is easy to employ while there exist, in fact,
many non-trivial pitfalls that render survey research cumbersome. In response to
this problem, the community has started to contribute hands-on experiences and
lessons learnt contributions, such as [61].
In this chapter, we have complemented existing literature on challenges in survey
research by discussing more advanced topics. Those topics range from how to
use survey research to build and evaluate scientific theories over sampling and
subject invitation strategies to data analysis topics considering both quantitative and
qualitative data, and we complemented it with specialised use cases such as using
surveys for psychometric studies. To this end, we drew from our experiences in
running a globally distributed and bi-yearly replicated family of large-scale surveys
in requirements engineering. While we are certainly aware of that our own journey
in learning from own mistakes and slips is not done yet. We hope that by reporting
and discussing these lessons we learnt over the past years, we already support other
members of our research community in further improving their own survey projects.
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